IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 11 Issue: | Month of publication: January 2023

DOIl: https://doi.org/10.22214/ijraset.2023.48690

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 11 Issue | Jan 2023- Available at www.ijraset.com

Generating Bipedal Pokémon Images by
Implementing the Wasserstein Generative
Adversarial Network

Jacqueline Jermyn
Department of Electrical and Computer Engineering, Florida Agricultural and Mechanical University-Florida State University
College of Engineering, Tallahassee, Florida, United States of America

Abstract: Pokémon is a video game series wherein players capture and train fauna that are known as Pokémons. These creatures
vary in colour, shape, size, and have distinct personalities and skillsets. After the Pokémons are trained by their coaches (who
are the players), they are used to fight other Pokémons so that the winning player could achieve the Pokémon Champion status.
Since its debut in 1996, Pokémon has become the highest grossing media franchise with over $100 billion in revenue through
the sale of books and merchandise along with television programming and movies. This paper discusses the implementation of
the Wasserstein Generative Adversarial Network (WGAN) to create artificial bipedal Pokémon images. This is achieved by
training a WGAN on a custom-built training dataset of Generation | bipedal Pokémon pictures. The effectiveness of the WGAN
for outputting artificial Pokémon images is evaluated by using the loss curves and by visually inspecting the outputted images.
Keywords: Generative models, Generative Adversarial Networks (GAN), Wasserstein GAN (WGAN), Pokémon, loss curves,
generator, critic, training dataset

I. INTRODUCTION

Generative models are unsupervised machine learning methods that model inputted data to produce artificial datapoints [1].
Generative Adversarial Networks (GANS) are generative models in which two sub-networks are trained concurrently but against
each other to make artificial datapoints that resemble training datapoints [2]. For a GAN, these sub-networks are a generator and a
discriminator, whereas for a Wasserstein GAN (WGAN) they are a generator and a critic [2-3]. GANs have many applications to
include generating artificial audio, video, and images [4]. GANs could enhance music production by generating other types of
sounds that could be incorporated into a music composition [5]. They could also produce realistic artificial videos for content in
movies and television shows [6]. Furthermore, GANs could create graphic art by being trained on images that resemble the desired
output [7]. This paper discusses the implementation of WGAN to generate artificial images of Generation | bipedal Pokémons by
training it on a custom-built dataset of Pokémon images. The effectiveness of the WGAN technique is evaluated by reviewing the
generator and critic loss curves and by examining the outputted images.

The rest of this paper is structured as follows: Section Il provides background material on the WGAN technique. Section I1l
describes the experimental procedures, and Section 1V reviews the results. Section V discusses the conclusions and future work.

Il. BACKGROUND INFORMATION

Wasserstein GAN (WGAN) is a variation of GAN that prevents mode collapse, while improving training stability [3,8]. Mode
collapse occurs when there is little variation in the outputted artificial images [9]. Training could become unstable as the generator
and the discriminator are trained simultaneously, but they are trained against each other. Hence, as the generator performance
improves, the discriminator performance degrades. Training stability occurs when these two networks reach a Nash equilibrium
through the optimization of the loss functions that compare the inputted and outputted datapoints [10-11]. The GAN discriminator
loss function is based on the Jensen-Shannon (JS) divergence. This metric calculates the similarity between two probability
distributions [12]. The equations for calculating the JS divergence, D;s(g][h), are provided as follows:

Dy (g11h) = — Tpex glx)log (R(x) /g(x)) (1)

Dy (@llR) = £ Dix (a1l 257) + D (1127 i
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where Dy (g||h) is the Kullback—Leibler divergence between distribution g and distribution h, x is a random event, and X is the
sample space [13-15]. The discriminator’s loss function could cause instability because the JS divergence saturates when the
discriminator improves at differentiating between artificial and training dataset images resulting in a vanishing gradient error [12].
The gradients become stuck at zero, and the generator is unable to produce artificial images [9,12,16].

The WGAN technique improves training stability through the critic’s loss function that is based on the Wasserstein metric [8-9]. It
calculates the cost of changing the shape of one probability distribution into the shape of another [15,17]. The equation for this
metric, W(g,h), is provided as follows:

W@.h) = . [0, ) By llx = 1) 3)
where g and h are probability distributions, and [](g, h) is the set of all joint probability distributions over x and y. In addition, y is
the amount of mass that is required to be moved from x to y to transform probability distribution g into probability distribution h.
The infimum (inf) operator represents that the Wasserstein metric yields the lowest cost [12]. Because calculating the Wasserstein
metric using equation 3 is intractable, it is approximated as follows:

p

Wig.g) = ||f||5:1-_¢ -J_E_hg [flx)] — Epoalflx)] @)

where ¢ is a probability distribution that approximates distribution h. The supremum (sup) operator is the least upper bound of the
subset, and it is taken over all 1-Lipschitz functions [18-19]. The gradients of the critic network are also clipped to a fixed range of
values to enforce this Lipschitz constraint [18,20]. The Wasserstein distance metric is more effective because it is a continuously
differentiable function [12]. The first order derivative is continuous everywhere, which prevents the gradients of the WGAN critic
from becoming stuck at zero [21-22].

The structure of the WGAN consists of two subnetworks: a generator and a critic. They sequentially process input data. The
generator typically has an input layer, a dense layer, batch normalization (BN) layers, Leaky rectified linear unit (ReLU) activation
functions, a reshape layer, Conv2DTransponse layers, and a hyperbolic tangent (tanh) activation function. The BN layers normalize
the outputs of the dense layer and of the Conv2DTranspose layers [23-24]. The Leaky ReLU activation functions scale the outputs
of the BN layers. When positive values are inputted to the Leaky ReL U activation function, they remain the same, whereas when
negative values are inputted, they are scaled to small negative values [25]. The reshape layer restructures the output of the first
Leaky ReLU activation function from a vector to a tensor. The Conv2DTranspose layers pass sliding windows over their inputs to
create image features [26-27]. They have three inputs: the number of filters, the kernel size, and the stride size. The number of filters
refers to the number of sliding windows, the kernel size specifies the dimensions of each sliding window, and the stride specifies the
distance each sliding window moves each time it is passed over the input [26,28]. The last layer is the tanh activation function that
scales inputted values to values between negative and positive one [29]. The final output of the WGAN generator is an artificial
image. The structure for the WGAN generator is provided in Fig. 1
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Fig. 1 WGAN Generator Structure
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The critic compares the distribution of the training images with the distribution of the artificial images [12]. It consists of an input
layer, Conv2D layers, Leaky RelL U activation functions, dropout, flatten, and dense layers. The input could be either an artificial
image or a training dataset image. The Conv2D layers pass sliding windows over the input to analyse the features of the inputted
image, but they perform the opposite operation of the Conv2DTranspose layers in the generator. The Conv2D layers have
parameters that pertain to the number of filters, the kernel size, and the stride size [30]. The Leaky ReLU activation functions scale
the outputs of the Conv2D layers. The dropout layers randomly set some of the outputs from the Leaky ReL U activation functions
to zero to prevent overfitting [31-32]. The flatten layer converts the output of the last dropout layer to a vector. The dense layer
ensures that the output is a single value that scores whether an image is from the training dataset. Values closer to negative one
correspond to images from the training dataset, while values closer to positive one correspond to artificial images [33]. The structure
for the WGAN critic is provided in Fig. 2.
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Fig. 2 WGAN Critic Structure

I1ILEXPERIMENTAL PROCEDURE
This investigation implemented the WGAN to generate artificial Pokémon images based on four Generation | bipedal Pokémon
characters. Four Pokémon images that are available in the public domain were downloaded to develop a training dataset to train the
WGAN [34-38]. They included Charmander, Charmeleon, Squirtle, and Wartortle. Charmander is mellow apricot with a linen
underside. It has a smooth rounded head with blue eyes. The tip of its tail is on fire [34]. The picture of Charmander is provided in
Fig. 3.

Fig. 3 Charmander [34-35]

Charmeleon is orange red with a Givry underside. It has a horned angular head. It has blue eyes, and the tip of its tail is also on fire
[36]. Its image is shown in Fig. 4.

Fig. 4 Charmeleon [35-36]
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Squirtle and Wartortle resemble turtles. Squirtle has crystal blue skin. Its shell has an alloy orange upper side with a Crayola’s
yellow underside. It has a smooth rounded head with brown eyes. Squirtle has a crystal blue tail with one black swirl [37]. The
picture of Squirtle is provided in Fig. 5.

Fig. 6 Wartortle [35,38]

A Python program was written to create a training dataset with 1000 images based on these four Pokémons. These images had
dimensions of 64x64-pixel. The first step initialized the input variables to include the name of the folder with the four original
Pokémon pictures and the name of the folder for the new dataset. A list of the file paths for these four Pokémon images was then
obtained. The next step was to select 996 file paths with replacement from the list of the four original image file paths. These file
paths were also saved to a list. The first image in the list of file paths for the dataset was then copied to the dataset folder. It was
given a unique numerical filename to prevent conflicts when additional images were copied to the dataset folder.

Random transformations, to include changes in colour level, contrast, and sharpness, were applied to each picture. The colour level
affects the amount of colour in an image, and it varies between zero and one. A colour level of zero corresponds to a black and
white image, while a colour level of one corresponds to the original image [39]. The contrast is the range of brightness values of a
picture. A contrast level of zero corresponds to a solid grey picture, while a value of one corresponds to the original picture [40].
The sharpness affects the blurriness of an image, and it varies between zero and two [40-41]. A value of zero corresponds to a blurry
picture, a value of one corresponds to the original picture, and a value of two corresponds to a sharpened image [40]. The program
then determined if all 996 images were copied to the dataset folder. If not, each image was copied to the dataset folder, renamed,
and transformed until all images were copied. The program also copied the four original Pokémon images to the dataset folder so
that there were a total of 1000 images in this dataset. The program then terminated. The activity diagram for the Python program to
create the training dataset is provided in Fig. 7.
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Fig. 7 Program for Creating Training Dataset
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A Python program was written to train the WGAN on the custom-built dataset to create artificial Pokémon images. The first step
was to initialize the input variables to include the maximum number of epochs, the batch size, and the noise dimension size. The
maximum number of training epochs was 200 to prevent overfitting. The batch size was 64 because using a larger batch size could
cause difficulties with convergence [42]. The noise dimension size is the number of elements of the random noise vectors. The
default noise vector size of 100 elements was used for this implementation [42-43]. Next, the model architectures and
hyperparameters for the generator and for the critic were defined. It involved specifying the layers and the hyperparameters for each
layer. For this implementation, the default hyperparameters for each layer were used [43]. The hyperparameters for the generator
and for the critic are provided in Tables I and Il respectively. For these tables, N/A indicates that a layer does not have
hyperparameters.

TABLE |
GENERATOR HYPERPARAMETERS
Layer Hyperparameters
Input units: 100
Dense units: 65536
BN N/A
Leaky ReLU N/A
activation
Reshape 16x16x256
Conv2DTranspose filters: 128, kernel: 5x5, stride:
1x1
BN N/A
Leaky ReLU N/A
activation
Conv2DTranspose filters: 64, kernel: 5x5, stride: 2x2
BN N/A
Leaky ReLU N/A
activation
Conv2DTranspose filters: 3, kernel: 5x5, stride: 2x2
Tanh activation N/A
TABLE 1l
CRITIC HYPERPARAMETERS
Layer Hyperparameters
Input Input shape: 64x64x3
Conv2D filters: 64, kernel: 5x5, strides:
2x2
Leaky ReLU N/A
activation
Dropout 0.3
Conv2D filters: 128, kernel: 5x5, strides:
2x2
Leaky ReLU N/A
activation
Dropout 0.3
Flatten N/A
Dense units: 1
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The program began the first training epoch by loading a batch of training dataset images from their image files. They were inputted
to the critic to score them. A batch of 64 random noise vectors was created and inputted to the generator to produce a batch of
artificial images. These artificial images were also inputted to the critic to score them. The generator and the critic loss function
values were calculated. The equations for the generator and for the critic loss functions are provided as follows:

Lyeneranr = D(6(=))

)

Levirie = D(x) — D(G(2))
(6)
where Lyenerator 1S the generator loss function, Lesc is the critic loss function, z is a random noise vector, G(z) is the output of the
generator for noise vector z, D(G(z)) is the critic’s score for the output of the generator, and D(x) is the critic’s score for a training
datapoint [44].
The gradients for the generator and for the critic were then computed. The critic gradients were clipped to a range of -0.01 to 0.01.
Gradient values that were less than -0.01 were set to -0.01, values that were between -0.01 and 0.01 were unchanged, and values that
were greater than 0.01 were set to 0.01. The generator and the critic training weights were then updated. The program then
determined if all batches of training dataset images were loaded. If this was not the case, additional batches were loaded and the
WGAN was trained on them until all batches were loaded to complete this training epoch. This program next determined if the
specified number of training epochs were completed. If not, the WGAN was trained for additional training epochs until the specified
number of epochs were finished. The program then outputted the final images of artificial Pokémon and terminated. The activity
diagram for the WGAN program is provided in Fig. 8.
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Fig. 8 WGAN Activity Diagram

The loss curves for the generator and for the critic were plotted to provide training stability information and also to provide an
indication as to when training should be terminated to prevent overfitting.
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IV.EXPERIMENTAL RESULTS
Two factors affect when to stop training: image quality and stabilization of the loss curves. Image quality is the more important of
these factors. Although the loss curves may show that training stability has been achieved, training should continue until the desired
image quality is reached. For this study, the generator and the critic loss curves are provided in Fig. 9.

WGAN Loss Function Values vs. Epochs
20

-20 14 21 41 51 61 71 81 91 101111121131141151161171181191

-40
-60
-80
-100
-120
-140
-160
-180

Loss Value

= Critic Loss

Generator Loss
Epochs

Fig. 9 Loss Curves for Generator and for Critic

These loss curves show that initially, the loss curves for the generator and for the critic plunged rapidly. As training continued, both
loss curves rose. Training becomes stable when both loss curves converge to zero. For this study, training became stable after 60
epochs. A review of the images at 60 epochs showed that the WGAN generated new Pokémon images that incorporated
characteristics of Pokémons from the training dataset. However, image quality was substandard because they were blurry. These
images are shown in Fig. 10.

»

§ AR 0N _
‘&'J [ i o §‘9

Fig. 10 Artificial Pokémon Images at 60 Epochs

The outputted Pokémon images at 100 epochs were still blurry, but they incorporated features from various Pokémons from the
training dataset. These images are shown in Fig. 11.
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Fig. 11 Artificial Pokémon Images at 100 Epochs
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The outputted Pokémon images at 150 epochs show an improvement in the image quality. Training was also stable as these images
were different than the training dataset images. The outputted images are shown in Fig. 12.
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Fig 12. Artificial Pokémon Images at 150 Epochs

The pictures that were outputted at 200 epochs were much higher in quality, but overfitting was beginning to occur. Two of the
outputted images resembled the original Charmeleon and Squirtle images. A review of the loss curves also confirmed that instability

was beginning to occur because the generator loss curve was rising again. Training should therefore be terminated at 200 epochs.
These outputted images are shown in Fig. 13.

Fig 13. Artificial Pokémon Images at 200 Epochs

V. CONCLUSIONS AND FUTURE WORK

This investigation implemented the WGAN to output images of bipedal Pokémon by training this generative model on a custom-
built training dataset of Generation | bipedal Pokémon pictures. The efficacy of this technique was determined by using the loss
curves for the generator and for the critic and by visually examining the outputted Pokémon images. Results showed that WGAN
successfully created pictures of artificial Pokémon. Furthermore, the loss curves illustrated that training stabilized at 60 epochs, but
the outputted images were blurry. Because of this reason, training was continued for 100, 150, and 200 epochs. The images
outputted at 150 epochs were sharper than those produced at 60 and at 100 epochs, and training was still stable. The Pokémon
images that were generated at 200 epochs were the highest quality, but overfitting was beginning to take place as two of the
outputted images were the same as the training dataset images. Because of this reason, training was halted at 200 epochs. Future
work could involve implementing least squares GAN, Fisher GAN, and Cramer GAN to generate Pokémon images [45].
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